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Abstract

Large language models (LLMs) have demonstrated strong capabilities across
a wide range of reasoning tasks, especially when supported by prompting
or external knowledge. Among the most common ways to incorporate such
knowledge is retrieval-augmented generation (RAG), which grounds model
outputs in retrieved evidence. In scientific and biomedical settings, however,
users need more than a correct answer: they must be able to (i) identify
which facts the system relies on, (ii) assess whether the evidence genuinely
supports the conclusion, and (iii) verify the reasoning through explicit, fine-
grained references to the source material. Accordingly, this thesis argues
that evidence-based reasoning with LLMs requires inspectable evidence
selection and verifiable reasoning traces, not only fluent answers—especially
in biomedical and scientific settings where decisions must be audited. In this
thesis, evidence-based reasoning means that each prediction is grounded in
explicitly selected evidence and accompanied by a reasoning trace that can
be checked at the appropriate granularity (sentence-level in text, path-level
in graphs, and cell-level in tables).

In practice, many LLMs paired with RAG pipelines still fall short for three
structural reasons. First, much of an LLM’s knowledge remains implicit in
its parameters, making it difficult to inspect, reuse, or maintain as explicit
facts. Second, retrieval is frequently driven by lexical matching and vector
similarity, which can capture topical relatedness but still miss the precise
evidence required for multi-hop inference. Third, reasoning traces are often
not audit-friendly—especially for tables, where verification requires localized,
cell-level citations rather than generic explanations.

A common solution is to train task-specific retrievers and reasoning
models. However, in biomedical and scientific applications, labeled data is
often limited and expensive, and the evidence format changes across tasks,
including text, graphs, and tables. As a result, supervised systems can be
hard to transfer and maintain: they usually need new labels or fine-tuning
when the domain or task changes. This motivates an unsupervised and
explainable framework that can work with minimal annotation. We therefore
organize the thesis around an unsupervised pipeline that (i) makes knowledge
explicit, (ii) performs semantic retrieval, meaning unsupervised evidence
selection across data formats (sentences in text, columns/cells in tables,
and salient paths in graphs), and (iii) produces reasoning traces that can
be directly checked. These goals align with three pillars of the dissertation:



unsupervised knowledge extraction makes latent model knowledge explicit,
semantic retrieval selects the right evidence precisely, and evidence-based
reasoning exposes verifiable traces for auditing.

This thesis develops an unsupervised and explainable evidence-based
reasoning framework that works across tabular and textual settings with
minimal annotation. We first study unsupervised semantic retrieval and ver-
ifiable reasoning without external knowledge, focusing on tabular evidence.
For tabular reasoning and fact verification, UCRET selects claim-relevant
columns via spherical k-means and produces label-conditioned counterfactual
reasoning with concise cell-level citations. To strengthen evidence selection in
tables, UCRET-JS extends this idea with distribution-aware retrieval, using
Jensen—Shannon divergence to compare contextual token distributions rather
than relying on a single embedding.

While reasoning only from the provided input improves transparency and
reduces supervision needs, it also exposes a key limitation: the evidence
available in a table or a passage can be implicit, incomplete, or insufficient
for multi-hop inference. To address this limitation, the thesis moves to unsu-
pervised semantic retrieval with external knowledge, where knowledge graphs
(KGs) provide additional context, enable multi-hop reasoning, and improve
answer reliability. K-Bloom converts latent knowledge in pretrained language
models into high-precision KG tuples using an Optimal Transport formula-
tion, making model knowledge explicit and reusable. USCRaKe performs
unsupervised text retrieval with Optimal Transport and Jensen—Shannon di-
vergence by comparing distributions of contextual tokens rather than single-
vector similarity, improving evidence selection for compositional queries.
Building on the biomedical KG produced by K-Bloom, UGAT-MedQA
applies unsupervised graph attention to identify salient multi-hop paths,
which are verbalized into step-by-step evidence-linked reasoning for medical
question answering.

Across general, biomedical, and scientific benchmarks, the results show
that an unsupervised and explainable pipeline can deliver higher quality
evidence selection and more verifiable reasoning without task-specific labels
or fine-tuning while remaining adaptable to different evidence formats (ta-
bles, text, and graphs). Future work will focus on reducing hallucinations,
making retrieval more intent- and verification-oriented, maintaining domain
knowledge graphs over time, and extending unsupervised table reasoning to
noisier real-world and clinical settings.
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